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This is the report on the basic research for AOARD entitled "Quantification of

forecasting and change-point detection methods for predictive maintenance"

1. Introduction

It is desirable in many industries to reduce the burden of maintenance of aging
infrastructure by transitioning to condition-based maintenance (CBM). In order to
make this transition successful, forecasting and change detection methods that can be
applied to complex mechanical systems are desired.

The goal of this research is to establish a guidance for the development of change
detection methods for predictive maintenance, and to develop actual methods for

specific targets.

The plan of this research is

1) Develop advanced prediction methods for time series data using singular spectrum
analysis.

2) Develop change-point detection methods in the context of a complex system.

3) Develop procedures for quantifying the performance of items 1 and 2, and provide

experimental data for a comparison study.

Several methods, in addition to SSA (Singular Spectrum Analysis), are investigated
in order to compare their characteristics and capability.

Chapter 2 to 7 are devoted to change detection methods and forecasting itself is
examined in chapter 8. Conclusions of this research are summarized in chapter 9.

Papers submitted to journals that are still under review at the time of writing this

report and data that were not used in this report are given in the appendix.



2. Overview of change detection methods
In order to clarify the common structure and differences between change detection
methods, the principles of major methods are examined and their capability is

evaluated with synthesized signals and experimental data

Fig 2-1 shows a taxonomy of major modeling approaches. In this case, modeling
means to describe a target mathematically. Change detection methods can be classified
according to what kind of modeling approach is used.

1st principles modeling is based only on design and physics of the targets,
irrespective of the observed data. However, this approach is often not realistic,
especially when the purpose of modeling is to detect a change in a complex system.

In this study, our concern is empirical modeling in which the model of a target is
derived from the observed data. Empirical modeling can be classified into two categories.
The first is parametric modeling, where a certain form of equation is assumed for the
model that is fitted to the observed data. The second is non-parametric for which we

don't assume any form of equation for the model.

Methods for L
R 15t Principles — Specifies entire solution,
Modeling . )
irrespective of data.

Parametric — Assumes form of solution, but
fits it to data.

Nonparametric — No assumption about
solution form, totally data-driven.

1st Principles
Modeling Empirical
Modeling

Design-based / \

Physics-based
Parametric Non-parametric
Kalman Filter - SBM
ARIMA Support vector machines
Linear regression Kernel regression
Nonlinear regression - Principle Component AnalysisI

reference:Jim Herzog, SmartS gnalCore Technobgy Overview 2007)
SSA

Fig 2-1 Taxonomy of modeling approaches



We investigated three change detection methods that are respectively based on
ARIMA (Autoregressive Integrated Moving Average), SBM (Similarity Based Modeling),
and SSA (Singular Spectrum Analysis).

Methods were chosen so that both parametric and non-parametric approaches are
investigated. ARIMA is parametric, SBM and SSA are non-parametric. SSA is similar
to principal component analysis applied to time series.

As these choices are not based on other specific reasons, it would be desirable to

investigate other major methods in future researches.



3. Comparison of SSA and ARIMA methods
A basic study of two change detection methods based respectively on SSA and
ARIMA is performed. These two methods are applied to synthesized signals, and their

performance is evaluated. First, the principles of both methods are described.

3.1.  Principle of SSA

SSA (Singular Spectrum Analysis) is a non-parametric modeling method that
applies principal component analysis to time series. Fig 3-1 shows the overview of SSA.
First a history matrix is created from several parts of a time series, then principal

component analysis is applied to this matrix.

Time series

A v Build a history matrix from time series

—_— .

X Xi+1 o Xp-m+i

| e— ; Xiv1  Xig2 o Xpnomtitl
) /) = : : . :
m !

Xitm-1  Xitm - Xn+i-1

@ Principal component analysis

Filtering I I Change Detection I I Forecasting

Fig 3-1 Overview of SSA

Various analyses can be performed on the principal components, such as filtering,
change detection and forecasting. The procedure of change detection is described in the

next section



3.2. Algorithm of SST
In this study the change detection method with SSA is defined as "SST (Singular

Spectral Transform) ".

Let {x,;:t=12,..} be a time series. x; = {x;,Xj1, ..., X;j34n}* 1s a part of x, that is

fixed and represents the normal state. x, = {x-,xj+1 ...,xj+n}t is another part of x, that

is compared to x; to evaluate whether a change occurred or not. H; and H, are

history matrices that are created from x; and x,:

Xi Xiv1 - Xn—m+i
Xiv1  Xitz o Xnomsitl
Hy = : : . :
Xitm-1  Xitm - Xn+i-1 (3'1)
X; Xjg1 o Xnomaj
Xj+1 Xj+2 o Xn-m4j+1
H, = . . .
Xj+m-1  Xj+m - Xn+j-1

where m and n are empirical parameters.

The eigenvalue decomposition is applied to H; and H,:
H Hf =UAUY,  H,HS =VA,V* (3-2)

where U and V are matrices which columns are the eigenvectors of H; and H,.

These eigenvectors are arranged in descending order of the corresponding eigenvalues:
U={u,u,, .. u,}, V ={v,v, .0} (3-3)

The degree of change of x, compared to x; is quantified by the score z, defined as:
r
z=1-— Z(uf v,)? (3-4)
i=1

r is an empirical parameter that determines the number of largest principal

components that are used for comparison. The score z is described as “SST Score”.



3.3. Principle of ARIMA
ARIMA is a model for time series first introduced by Box & Jenkins (1976). It is a
generalization of the ARMA model, itself a combination of AR and MA models.

Let {x;:t=1,2,..} be atime series.

a) AR model
The AR model represents the present value by a linear combination of the p past

values. The pth order AR model is given by

Xy = A1 X1 + -+ ap.xt_p + Et (3-5)

where ¢; is an error term.

b) MA model
The MA model represents the present value from the q past errors. The gth order MA

model is given by
Xy = & — Hlé‘t_l - ngt-_z — = Hng (3-6)

¢) ARMA model

The ARMA model is a combination of the AR model and the MA model. The equation

(3-7) is called the ARMA model of degree (p, q).
Xt = (llxt_l + e + apxt_p

(3-7)

+ ‘91: - Blgt’—l - 9282‘5—2 _ quq

d) ARIMA model

Since the ARMA model assumes stationary time series, it can not be applied to
non-stationary time series. In order to achieve stationarity, the differences of the data
points of a time series are calculated as follows.

The first difference Ax; is expressed as

Axt =Xt — Xt (3-8)

The dth difference is expressed as

A%x, = A% x, — AV x, (3-9)

The ARMA model applied to the dth difference time series is called the ARIMA model



of degree (p,d,q):

Ax, = ;A% g + -+ apAdxt_p

(3-10)

+ gt - ngt—l - 028,:_2 — Hng

3.4. Algorithm of change detection with ARIMA
In this study the change point detection technique that makes use of the ARIMA

model is described as the “ARIMA-CF (Change Finder)”. The degree of a change is

quantified by the “ARIMA Score”.
The ARIMA Score was first described by Takeuchi and Yamanishi (2006). The
procedure of ARIMA-CF is as follows.

i) At time t, the ARIMA (p,d,q) model is created from the n points time series X =
Xt Xt—ps1 > Xe—1}. P, d, and q are determined with the Akaike Information
Criterion (AIC), and the coefficients of the ARIMA model are determined through the
Least-Square method.

ii) The residual r; = &; — x; (t — n < i < t) is the difference of the forecast by the ARIMA
model and the actual measurement. The average and variance of the residuals r; of
the time series X are computed. With the assumption that the residuals are normally
distributed, the probability density distribution p,_; of the residuals of the time
series X is obtained.

iii) From the residual r, at time t, the probability of occurrence of 7., p,_,(ry) is

estimated. This probability is used to define the score s, as
s¢ = —In (pe_1(1) (3-11)
Although the score at time t is evaluated with (3-11), additional procedures are

performed in order to reduce false detections.

iv) The kth moving average y, is computed from the scores s;(t—k+1<i<1t):

y, = Zct e (312)

v) The score s’ is calculated by following the procedures i) to iii) on the n last moving
averages y; (t—n<i<t—1). The k'th moving average of s% is the ARIMA Score

asg:

10



TS it (3-13)

asy = k,

3.5. Evaluation Signals
SST and ARIMA-CF are applied to 14 signals. All of the numerical results are shown
in the appendix. Here we focuses on the most important 4 cases in terms of application

to predictive maintenance. The nature of the signal in each case is shown in Table 3-1.

Table 3-1 Signals for evaluation

ID Type of signal Type of change Content of signal
1 Periodic Frequency Sine wave

2 Sine wave with noise
3 Amplitude Sine wave

4 Non Periodic Average Gaussian noise

The periodic signals 1 to 3 are intended to represent change in vibration signals that
are commonly used for the diagnosis of equipment. Periodic signals can be decomposed
in two components, amplitude and frequency, that will each be affected depending on
the abnormality. Nonetheless, depending on the type of abnormality, the change can be
more easily detected with the amplitude or with the frequency. For this reason,
evaluation in terms of detection of the change point is performed with SST and
ARIMA-CF for these two components separately.

The signal 4 (see Table 3-1) is intended to represent general signals that are non
periodic such as trend data of vibration level, pressure, flow or other data obtained from
online monitoring and acquired at a fixed interval. The main change to be detected in
this kind of signals is a change in the mean value and the signal 4 was designed for such
an evaluation.

In addition, the signals 2 and 4, that contain gaussian noise, are used to evaluate

the applicability of each method in the presence of noise.

11



3.6. Determination of the parameters of the methods
3.6.1. Base Interval
In this evaluation, the base interval, that is used for calculating the scores, is
different for SST and ARIMA-CF. In the case of SST, the base interval is the first n
points of the time series, and it is shown by a red frame in figures of numerical results.
In the case of ARIMA-CF, the base interval is constituted of the n' points just before
the point to be evaluated. While the base interval is changing for each evaluation point,
the parameters p, ¢, and d of the ARIMA model are calculated only once for the first n'

points of the time series and used henceforth.

3.6.2. SST

It is necessary to determine the parameters m and n, the size of the matrices H;
and H,, appropriately. The parameter m represents the dimension of the eigenvectors
and should be greater than the length of one cycle of the considered time series but not

too large as sensitivity decreases with larger values of m. In this evaluation, m=100 and
n=300.

3.6.3. ARIMA-CF

Because ARIMA-CF consists of two steps of modeling, two sets of parameters have
to be determined. These parameters are the number of data points for each modeling (n1,
ng); the degree of the models, and the size of the window for the calculation of each
moving average (T1, T2) .

In this evaluation, the number of data points at each step is the same as for SST
(n1=n2=300). The size of the window for each moving average is respectively T1=5 and
T2=3. The degree of the model for the first step (p1,q1,d1) is determined through the AIC
(Akaike Information Criterion) using the first n points of the time series. The degree of

the model for the second step is fixed to (1, 0, 0) for all cases.

12



3.7.  Numerical Result
3.7.1. Change in frequency

The SST and ARIMA-CF scores for signal 1 are represented in Fig 3-3 and Fig 3-3
respectively. For signal 1, the frequency of the sine wave is multiplied by 1.6 at sample

1000 and then again by 1.5 at sample 2000.

1 =M 1.0
0.5 0.8
[
— 0.6 £
g ) 3
@ 04
R "4
05 0.2
|
-1 0.0
0 500 1000 1500 2000 2500 3000
Sample ——data ——SST score
Fig 3-2 SST Score and signal 1
1 58
48
0.5 o
38 &
— (%)
©
£ 0 28 <
X =
18 =
-0.5 <
8
1 ALLLARAALLARAALLLLL ;5,_‘], 22
0 500 1000 1500 2000 2500 3000
Sample ——data ——ARIMA Score

Fig 3-3 ARIMA-CF Score and signal 1 (p1,d1,q1)=(1,1,0)

While both methods detect the two change points, there is a significant difference
between the SST and the ARIMA-CF scores. The SST score remains high after the first
change point (see Fig 3-2) while the ARIMA-CF score is high only just after the change
points (see Fig 3-3). The reason is that, at a given instant, SST performs the evaluation
by comparison with the first n samples while ARIMA-CF performs the evaluation by
comparison with the n previous samples. From these results, it can be seen that the SST
can detect an abnormality even after the change point has occurred. The principle of the
ARIMA-CF method means that continuous data are necessary. On the contrary, the

SST method can be used even on data acquired intermittently.

13



3.7.2. Influence of noise
The SST and ARIMA-CF scores for signal 2 are represented in Fig 3-4 and Fig 3-5

respectively. For signal 2, the frequency of the sine wave, with Gaussian noise added, is

multiplied by 1.75 both at samples 1000 and 2000.

3 1.0

2 0.8
(]
5 ! 0635
= %]
oo (%]
w 0 041
| “‘lhl v

1 2

-2 0.0

0 500 1000 1500 2000 2500 3000
Sample ——data ——SST Score
Fig 3-4 SST Score and signal 2

3 4.0

2 3.0
(]
= 1 205
c O
& 0 10
’ E
-1 00%
-2 (1.0)

0 1000 2000 3000

Sample ——data —ARIMA Score

Fig 3-5 ARIMA Score and signal 2 (p1,d1,q1)=(1,0,1)

The SST score increases after the change points but does not remain high, as in the
case of signal 1, and large fluctuations are observed due to the presence of noise.

The change points are not detected with the ARIMA scores that always remains low.

3.7.3. Change in amplitude
The SST and ARIMA-CF scores for signal 3 are represented in Fig 3-6 and Fig 3-7

respectively. For signal 3, the amplitude of the sine wave is multiplied by 2 both at
samples 1000 and 2000.

14
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Fig 3-6 SST Score and signal 3
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Fig 3-7 ARIMA Score and signal 3 (p1,d1,q1)=(1,1,0)

The value of the SST score increases just after the change points but does not
remain high as it was the case for a change of frequency. Because the SST method
includes a step of normalization of the amplitude, when only the amplitude is varying, it
is evaluated as being in the same initial state. The reason for the slight increase just
after the change points is that the change of amplitude modifies the shape of the sine
wave and this change is detected by the method. Nonetheless, this change is detected
only when the change point is in the part of the signal being evaluated.

The ARIMA-CF score has the same behavior than in the case of a change of

frequency, and increases only just after the change point.

3.7.4. Change in trend
The SST and ARIMA-CF scores for signal 4 are represented in Fig 3-8 and Fig 3-9

respectively. For signal 4, the mean of the Gaussian noise increases steadily from

sample 1000.

15
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Fig 3-8 SST Score and signal 4
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Fig 3-9 ARIMA Score and signal 4  (p1,d1,q1)=(1,0,1)

The value of the SST score increases after sample 1000 and remains high. The
change in trend is detected because before sample 1000, the signal is only random noise
and so are the principal components, but after sample 1000, the steady increase of the
mean of the Gaussian noise becomes the principal component. As the SST method only
retains the highest principal components, it performs a noise removal step, only
evaluating the main, non-random properties of the noise.

Similar to the case of a change of frequency of a sine wave with Gaussian noise
added (see Fig 3-5), the ARIMA-CF score does not detect the change. Before applying
the ARIMA-CF method, a noise removal step is required.

16



3.8. Summary of results

The results of the evaluations are summarized in Table 3-2. The meaning of symbols

in the table are as follows.

© Change detection is possible even when a change point is not included in the

range of evaluation.

O Change detection is possible when the change point is included in the range of

evaluation.

/A Change detection is possible but sensitivity is low.

X Change detection is not possible.

Table 3-2 Summary of evaluation results

Type of time series Type of change Content of time series SST ARIMA-CF
Periodic Frequency Sine wave © O
Sine wave with noise A X
Amplitude Sine wave O O
Non Periodic Average Gaussian noise O X

® SST is especially effective for detecting changes of frequency of periodic signals.

When the frequency of a signal changes, SST can detect it even when the change

point is not in the evaluated range of data.

® ARIMA-CF has the characteristic of detecting a change point only just after the

change point and thus can only be applied to continuous data.

® Both methods have their change point detectability reduced by the presence of noise.

Improved detectability is expected by applying a noise reduction processing before

applying the methods. However, as the SST method already includes a noise

reduction step, it is more robust in the presence of noise .

17



4. Acquisition of experimental data
In order to evaluate the capability of each change detection method, experiments to

acquire data of rotating machines under various conditions were performed.

4.1. Classification of failures in rotating machines

A turbo pump was used for these experiments because rotating machines like pumps
are the main targets of condition monitoring in several fields. Failures of rotating
machines can be classified mainly into two categories (see Fig 4-1): mechanical or
structural. Examples of mechanical damages are flaking of bearings or wear of gears.
Examples of structural abnormalities are misalignment of shafts or unbalance of rotors.

It is known that mechanical damages are relatively easy to detect because the
vibration level tends to rise significantly. On the other hand, structural abnormalities
are difficult to detect because the vibration level does not tend to increase significantly.

For this reason, a pump with a structural abnormality is assumed to be a good case

for evaluating the capability of each change detection method.

/
- Mechanical damage Structural abnormality

Example Flaking of bearings Misalignment
Wear of gears Unbalance
etc. etc.
Detection  Relatively easy to detect by Difficult to detect because the
monitoring the vibration level. vibration level does not increase
clearly.

PN N

Dj:‘ﬁ Offset misalignment
Bearing ball
damage
Angular
Bearing outer race misalignment

damage

Fig 4-1 Classification of failures of rotating machines
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4.2. Experimental setup
4.2.1. Equipment
The pump used in the experiments is shown in Fig 4-2. The technical specifications

of the pump and operational conditions are given in Table 4-1.

Fig 4-2 The pump used in the experiments

Table 4-1 Pump specifications and operational conditions

Pump Specifications
Type Horizontal volute pump
Power 1.5 kW
Rotation Speed 1 3000 rpm
Total Head 23.2m
Operational Conditions
Pressure 0.1 MPa
Flow Rate 54 L/min
Temperature No control
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4.2.2. Conditions of abnormality
The list of experiments that were performed is given in Table 4-2. For each

experiment, a different type of abnormality is introduced.

Table 4-2 Type of abnormality for each experiment

Way of introducing

‘ Coupling Type Abnormality sl Conditions
insert shims between
1 Misalignment 1 Flexible Coupling Offfc'et + Angular the motor and its normal + 3 degrees of
misalignment . abnormality
foundation
insert shims between normal + 5 degrees of
2 Misalignment 2 Rigid Coupling Offset the motor and its g
. abnormality
foundation
i +
3 Unbalance Rigid Coupling Uqbalance of put \A{elghts on the normal + 2 degrees of
impeller impeller abnormality
Looseness between normal + 3 degrees of
4 Looseness Rigid Coupling the motor and its loosen the bolts g
X abnormality
foundation

For each experiment, vibration data were acquired for several degrees of the
abnormality in addition to the normal state.

Based on preliminary experiments, the magnitude of abnormality is set so that the
level of vibration velocity is in the range B or C of the ISO standard.

The detailed conditions of each experiment are given in Fig 4-3 to Fig 4-6.

“ Amount of misalignment

Normal less than 0.02mm l .l'
]
T

mis 1 offset0.8mm angular 0.3mm
shim
mis 2 offset 1.4mm angular 0.5mm
mis 3 offset 2.0mm angular 0.7mm foundation

Fig 4-3 Conditions of Misalignment 1
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“ Amount of misalighment

Normal less than 0.02 mm

mis1 offset 0.5 mm

mis2 offset 1.0 mm

mis3 offset 1.5 mm

mis4 offset 2.5 mm foundation
mis5 offset 3.0mm

Fig 4-4 Conditions of Misalignment 2

A shim is inserted between the motor and its foundation to introduce misalignment.

The amount of misalignment is quantified by the thickness of the shim.

“ Amount of unbalance (g ‘mm)

weight
Normal 0 _
unb 1 476.4
unb 2 770.9 impeller

Fig 4-5 Conditions of Unbalance

Weights are put on the impeller to introduce unbalance. The amount of unbalance is

quantified by the mass of the weights and their position.

A B
Normal Normal
loose 1 small looseness of bolts A and B
loose 2 medium looseness of bolts A and B
C D

loose 3 lerge looseness of bolts A and B

Fig 4-6 Conditions of Looseness
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4.2.3. Measurement conditions

Measurements are performed simultaneously with two 3-axis vibration acceleration
sensors (6 channels), that are located on the motor and pump bearings respectively (see
Fig 4-7). Data are acquired at the sampling rate of 20kHz and each acquisition has a

duration of 10 seconds. For each condition, data are acquired intermittently 10 times.

I =T =
6 3

1 Motor bearing Horizontal

2 Axial 2 iﬂ 2 \Ix) 1
3 Vertical ]
4 Pump bearing Horizontal

5 Axial

6 Vertical ® Accelerometer

Fig 4-7 Position and direction of sensors

Table 4-3 Sampling Conditions

Sampling Rate 20 kHz
Sampling Duration 10 sec
Number of sampling 10 times for each condition
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4.3. Experimental results

4.3.1. Vibration velocity level

The vibration velocity is used because the level of vibration velocity is the most

commonly used indicator for abnormalities in rotating machines. The vibration velocity

is calculated by integrating the acceleration signals obtained by the sensors.

Fig 4-8 shows the averaged RMS values of the vibration velocity for each

experiment.

For Misalignment 1 and Looseness, vibration velocity level tends to rise according to

the magnitude of the abnormality. On the other hand, for Misalignment 2 and

Unbalance there is no such tendency. In these cases, it is difficult to detect the

abnormality by using the vibration levels.

position and

5.0 direction of sensor
45 | Misalignment 1 /
4.0

w

E M motor H
£ 35

g W motor A
2z 30

;:’ 25 M motor V
g 2.0 Hpump H
® 1.5

5 M pump A
-; 10 M pump V
o 05 -

E 0.0

Normal misl mis2 mis3
5.0

PaR &l Unbalance
~ 40 -

£ B motor H
£

%- M motor A

-]

- M motor V

>

.5 M pump H

©

§ Hpump A

>

‘s M pump V

w

=

o«

Normal unb 1 unb2

RMS of vibraion velocity (mm/s)

RMS of vibraion velocity (mm/s)

5.0
4.5
4.0
35
3.0
25
2.0

15 A
1.0 -
05 7
0.0 -

5.0
45
4.0
35
3.0
25

20 1
15
10 1
05 1
00 +

Il Misalighment 2 W motor H

B motor A

M motor V

M pump H

i M pump A

™ pump V

Normal misl mis2 mis3 mis4 mis5

I Looseness

M motor H

M motor A

M motor V

M pump H
Hpump A
M pump V

Normal loose 1 loose 2 loose 3

Fig 4-8 Vibration velocity level
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4.3.2. Frequency Spectrum

Fig 4-9 shows the frequency spectrums of the acceleration signals from the sensor
located at the motor bearing in the case of Misalignment 1. Each of these spectrums is
the average of the spectrums obtained from 10 measurements.

The magnitude of the rotation frequency component and of its harmonics tend to rise
according to the degree of misalignment. Although this is the case of Misalignment 1, in
the case of the other experiments, the main components that change according to the
abnormality are the rotation frequency component and its harmonics too. The frequency

spectrums of all experiments are given in the appendix.

Motor Horizontal Motor Axial Motor Vertical
1.2 T T T T 14 T T T T T T T T N
Normal Lol ‘ 1 120 : : B - L] EPQW‘?r,S{OUrC,‘?,"O!SQ,
0.8k i LOF b ... @ irotation.....i....]
06bL i ioio...| o8f 1 _.ifrequencyand |
: : : ° : 0.6 e " its harmonics
0_2_.......1... bt gl i ; ‘ o]
0.0 | do e i 1 0.0 [T i i 1 X als " i 1
0 100 200 300 400 500 O 100 200 300 400 500 O 100 200 300 400 500
. T T 0.6 T T T T
misl : | : :
Q
1 (2]
(2]
. : ©
: )
! T =
Q
- B =3
. 5)
- 0 B >
1.4] HIEN | —
300 400 500 3
‘ r o
mis2 i ] n
r . L |1Lkr L ]| L.l
100 200 300 400 500
mis3 g : ‘ : ]

Ll o R
400 500 400 500

400 500
Frequency (Hz)

Fig 4-9 Frequency spectrum (Misalignment 1, motor bearing)
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5. Application of SST method to experimental data
5.1. Development of the method
In this section we develop the SST method to detect structural abnormality of

rotating machines using data of "Misalignment 2"

5.1.1. Investigation of SST parameters

In order to perform the calculations involved in the SST, it is necessary to set the
parameters m and n in equation (3-1) as well as the parameter r in equation (3-4).

m is the dimension of the principal components vectors and n is the number of data
points used for computing the principal components. Because SST is a method that
detects changes of state in the time series from the change of the principal components,
it is necessary to choose a sufficiently large dimension for the principal components so
that the characteristics of the time series are captured appropriately. If the dimension
of the principal components vector m is relatively small, the high frequency components
will dominate. If m is relatively large, the low frequency components will appear.
Therefore the frequency domain should be determined from the characteristics of the
acquired signals in order to choose an appropriate value of m.

For this determination, a simple spectral analysis is first performed. Examples of
the spectrum of vibration signals acquired for some of the experiments are shown in Fig

5-1 Each of these spectrums is the average of the spectrums obtained from 10

measurements.

— Normal 1 0.40 - e drs Normal
b . ! ! :
R 0-10000 Hz - 0.35 kot 0-300 Hz
= ; £
5 = 025
B 2 020 . [
o = i ; ;
k] g 0.15
ot T 010 L A
< S 005 ‘ ;
= A I I
L Sy L L L 0.00 L dd A
2000 4000 6000 8000 10000 0 50 100 150 200

Frequency(Hz) Frequency(Hz)

: ; 0.45 T T T
N mis 5 1 QA0 mis 5
£ 0-10000 Hz £ 035 0-300 Hz
= : £ 030 ‘
2 § 025
g E 0.20 L
< 3015 T T
g g 010 - T

i ; ; 0.00 — 1 cal A

2000 4000 6000 8000 10000 0 50 100 150 200 250 300
Frequency(Hz) Frequency(Hz)

Fig 5-1 Frequency spectrum (Misalignment 2, horizontal direction of the motor bearing.).
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Fig 5-1 shows that the main spectral components are under 1kHz. Moreover, the
lowest main spectral component is 50Hz, which is the rotation frequency of the axis. As
the same remarks can be done for the cases not shown in Fig 5-1 (other directions and
location), the frequency domain can be set to 50~1000Hz.

Since the frequency domain is limited to up to 1kHz and the sampling rate is 20kHz,
the data can be downsampled to avoid that the size of the matrix during the
computation of the SST becomes unnecessary large. The number of samples is divided
by 10 so that the Nyquist frequency becomes equal to 1kHz. The value of m should be
chosen so that the information down to 50Hz is included. The lower value of 33.3Hz is
chosen to ensure that no information is lost. The sampling rate after downsampling is
2kHz and the frequency of 33.3Hz corresponds to a duration of 0.03 seconds, which
implies that the value of m is 60 samples (2000x0.03=60).

n is the data length to be used once for the calculation of the principal components
and n-m+1 corresponds to the number of samples used by the principal component
analysis. A balance must be found as more general principal components are obtained
with a larger number of samples, but the computational cost of the matrices is increased.
In order to verify the influence of the value of n on the results, several values of n are
used: 2, 3, and 4 times the value of m.

r in equation (3-4) determines the number of principal components that are used
when computing the degree of change compared to the reference state. The magnitude
of the eigenvalues obtained by equation (3-2) represents the amount of information of
the corresponding principal components. It is thus suitable to set a threshold on the
magnitude of the eignevalues to determine the number of principal components to be
used for the score calculation.

The ratio p; of the sum of a number of the largest eigenvalues over the sum of all
the eigenvalues is defined as

bi = M
ZELI )\k

with Ay the eigenvalue corresponding to the k-th principal component obtained

(i=123...m) (5-1)

from equation (3-2). r is determined as the smallest value of i such as p;is larger than

the threshold p. In this section, p is set to be 0.2, 0.4, or 0.6 to evaluate its influence.

5.1.2. SST score computation
As described in 3.3, SST is a method for calculating the degree of change of the
principal components between the base interval and the target interval. Considering

that even in stable conditions, acquired signals show significant variation, it is not
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sufficient to use a single interval in the normal state as the base interval. Therefore, the
SST Score of a target interval is computed from the average of the scores calculated for
several base intervals in normal state. Moreover, the same computation is performed for
all six channels, that are measured simultaneously, and the average of these scores is
the final SST Score of a given target interval. The base intervals are extracted from all
acquisitions in normal state at a certain interval(10 x n). A diagram of the calculation

process is shown in Fig 5-2. The notations used in this figure are defined as follows.

Ti: i-th target interval (i=1,2,3...N1)

Bj: j-th base interval (=1,2,3....Np)

Sic]-i SST score computed from Ti and Bj for channel ¢ (c=1,2,...,6)
Z{: SST score for channel c for the i-th target interval

Z;: average SST score for i-th target interval (average of scores Z{ to ZP)

10X n
By | B, B, PN
Base Time Series L —] t I:]
Channelc
( ) S S; T unit of evaluation
14
Target Time Series ———F—F—1 t
(Channelc) LT, T, T
O
SSTScoreof T, Z{(average of S, S5,, Sis--.)
(Channelc)
O
SSTScoreof T, Z,(averageof 2}, 23,23, 2}, 73, Z9)

Fig 5-2 Computation of the SST score
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5.1.3. Experimental results

The results of the calculation of the SST Score with several values of parameters n

and p are shown in Fig 5-3. The data points in the graphs represent the average value of

SST score, for each condition and for all Nt evaluations, and the error bars represent

the standard deviation (& o).

n=2Xm n =3Xm n =4xXm
1.0 1.0 1.0
o 08 o 08 v 08
gos g0s S 06
— 04 T T — 04 % 04
— 7 T T «\ 1)
p=06 |4 0.2 Y02 T 0.2
0.0 0.0 0.0
0.0 1.0 2.0 3.0 0.0 1.0 2.0 3.0 0.0 1.0 2.0 3.0
Offset (mm) Offset(mm) Offset(mm)
1.0 1.0
b 08 10 0.8
S 06 pa— T o 08 L os -
A S 06 3 S o 13—
~ 04 T Q 4 A
3 0, / L 04 T DI i}
p=04 2 P A 02
0.0 0.2 0.0
00 1.0 20 30 00 " o0 1.0 20 3.0
Offset(mm) 0.0 1.0 2.0 3.0 ' ’ ’ '
Offset (mm) Offset (mm)
1.0 1.0 1.0
, 08 7}4¢j¥, L, 08 3 4‘\» 08 3 —
g 06 / S 056 / S 06 S
2 04 04 & /
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p=_4. 2 02 0.2 A0, /
0.0 0.0 0.0
0.0 1.0Off ( 2).0 3.0 0.0 1.0 2.0 3.0 0.0 1.0 2.0 3.0
set (mm ’ ' ) ’
Offset (mm) Offset (mm)

Fig 5-3 Comparison of the results depending on the parameters (Misalignment 2)

As can be seen from Fig 5-3 the score is higher when misalignment is present than

when conditions are normal, regardless of the value of the parameters or the amount of

offset. When considering the standard deviation in normal operation, it is clear that

detection of abnormalities

is possible. Moreover,

the results are not affected

significantly by the value of n that can be set as twice the value of m.

On the contrary the value of p has a significant influence on the result, and the score

is lower for larger values of p as equation (3-4) shows. However, the most important

aspect is not the height of the score, but whether the score changes significantly in the

abnormal state compared to its value and variation in normal state. In this case, it 1s

possible to detect an abnormality for all three values of p.

While the score tends to saturate for an amount of offset larger than 1.0 mm, it can

be seen that the score has a tendency to increase with the offset in the range 0~1.0 mm.

This score is an effective sensitive indicator for the very small levels of misalignment.
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5.2. Evaluation of the method
The SST method described in the previous section is applied to all of the
experimental data. Fig 5-4 shows the comparison of RMS of vibration velocity and SST

score.
In the case of RMS, average RMS of 6 channels (R is calculated for each target

interval Ti, and the average of Ri for each condition is shown in the graph. The red
dashed lines represent the threshold that is equal to three standard deviations added to

the mean value in the normal state.

The base intervals for SST calculation are taken from the normal state data of each
experiment. For example, the scores for each condition of Misalignment 1 are calculated

by comparing to the data in the normal state of Misalignment 1.

SST parameters
RMS of vibration velocity SSTScore m=60,n=mx 3, p=0.4,
1.0
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0.6
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0.0
Normal  misl mis2 mis3 normal  misl mis2 mis3

H

25 Detected
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Fig 5-4 Comparison of RMS of vibration velocity and SST Score

As it can be seen in Fig 5-4, RMS of vibration velocity can detect abnormality only in
the case of Misalignmentl and Unbalance. On the other hand, SST score can clearly

detect the abnormality in all experiments. This results validate the capability of the

method for detecting structural abnormalities.
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In the previous evaluation, the base data for the calculation of SST score are the

normal state data of each experiment. The characteristics of the vibration signal of the

normal state of each experiment is not the same mainly because the pump is

reassembled between each experiment. This kind of variance in normal state is also

found in real machines, and all the signals acquired in normal state need to be

evaluated as normal.

For this reason, SST score is calculated by comparing the target data with the

normal data of all experiments. Fig 5-5 illustrates this calculation process. The notation

is the same as for Fig 5-2.

Base Time Series (Channelc)

10Xn
D P —
i B, i Bs B,
‘
] —
10X n
§ B, 3 Bs Bio
|| 1
10X n
§ B; 3 B, By
Target Time Series {
(Channel c) L L
c 10X n
Sia ‘ ‘
i Ba i Bs By,
[ [ | | | ]
[ | | | | ] 1 | I—
T, T, T, T,
<
Z;(average of S7;, S§,, 73 Si4 Sis..)  SSTScoreof T, (Channel c)
<
Z,(averageofZ{, 23,73, 2, 3, Z9) SSTScoreof T,

Fig 5-5 Computation of the SST score 2
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Fig 5-6 shows the results of SST score calculated by the above procedure. The
threshold is three standard deviations added to the mean of the calculated scores from
all normal state data. The SST scores are high even in the normal states and the
threshold is also high because of the large variance between the normal states. For this

reason, it is not possible to distinguish an abnormal state from a normal state in all

experiments.
SST parameters
threshold
m=60,n=mx 3,p=0.4
1.0 1.0
® 0.8 ® 0.8
2 <]
w 06 @ 0.6
& I
@ 04 - @04
02 02 1
00 - 00 +——+— "
normal  misl mis2 mis3 normal misl mis2 mis3 mis4 mis5
1.0 1.0
o 08 o 08
5 2
w 06 S os
I Iy
v 04 Yo 04
0.0 T T T T ! 0.0
normal unb1 unb2 normal loosel loose2 loose3

Fig 5-6 SST Score calculated with normal data of all experiments

This result implies that the SST method is not applicable to data that have large
variance in normal state. This limitation is caused by the way of evaluating the final
SST score that is the average of the SST scores between a target data and multiple

normal state data

In order to find a solution to this situation, the SBM is investigated in the following

section.
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6. Investigation of the SBM (Similarity Based Modeling)
6.1. Principle of SBM
SBM is a nonparametric empirical modeling method that searches for patterns

obtained from past data and generates estimates of the current values of the data.

T

/\m

LN T

x,(t) x,(t,)
X, () X,(t,)

x,, (1) x,,(t,)
x(t,) x(t,) - x(t,)

Fig 6-1 Construction of feature vectors

Let the feature vector x(t;) be the set of m physical quantities at time ti. The feature
vector x(t;) represents the state of a target at ti. Typically, a feature vector is
constituted of coincident data readings from sensors.

A model matrix M is built from n feature vectors at different time t1, to, ,... ,tn.

M = [x(ty) x(ty) x(t3) ... x(t,)] (6-1)

Let y be the feature vector that is made from the current observed data. SBM
evaluates the difference between the current feature vector y and the estimated vector ¥,
which is derived from M and y.

¥ is defined as

y=M-w (6-2)
where
v
W= — 6-3
j=1Yj (6-3)
v= MMM,y (6-4)

In the above equation, ||A,B|| is a matrix and its elements are a measure of the
similarity of the two vectors (4;, B;), where A; is the i-th column vector of matrix A and B;
is the j-th column vector of matrix B. In the same way, ||A, b|| is a vector and its elements

are a measure of the similarity of the two vectors (4;, b).
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The similarity of two vectors (a, b) is defined as

= —— 6-5
(a,b) T3 la—b] (6-5)

The residual r is the difference between y and ¥ and is defined as
r=ly-yl (6-6)

As it can be seen from equation (6-2), y is expressed as a linear combination of the
model vectors x(t;), x(t;) ... ... x(t,). For this reason, ¥ is estimated in the range of
interpolation of the model vectors. In addition, each coefficient is normalized so that the

total of all coefficients is 1 (see (6-3))
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6.2. Basic study of SBM
In order to examine the characteristics of SBM, a basic study was performed with

synthesized signals. Two important results are shown in this section, with the other

results shown in the appendix.

Black : Original Signals x(t) )
Red : Samples for Modeling Target Signals y(t)
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tl.me[s] mels]
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Green : Estimated signals y(t)
1.5 3+
1 2.5
0.5 =
=}
,-9 1.5
0+ $
—
1
-0.5
0.5
-10 0.1 02 03 04 05 06 07 08 09 1 0

. 0 01 02 03 04 05 06 07 08 09 1
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time[s]

Fig 6-2 Application of SBM to synthesized signals 1

Fig 6-2 shows the result of the application of SBM to two signals with the feature
vector x constituted of coincident data readings of both signals. The model matrix M is
built from two feature vectors x(t;) and x(t,), as shown in the top-left figure.

The estimated signals y(t) of target signals y(t) are calculated using the model M.
As it can be seen in the bottom-left figure, estimation is correct for the first half of the
signals, but not for the second half. This implies that the estimation capability of SBM
is limited to the range of interpolation of the model vectors. The bottom-right figure
shows that the farther away from the range of interpolation target signals are, the

larger the residual is.
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Fig 6-3 shows another result of the application of SBM, with the model vectors
x(t;), x(t,) chosen so that the range of fluctuation of the signals is inside the range of
interpolation of the model vectors. One of the target signals has an abnormality so that

the relation between the two signals is different than the one in the model interval.

I:l Black : Original Signals x(t) I:l Target Signals ¥(t)
Red : Samples for Modeling
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Fig 6-3 Application of SBM to synthesized signals 2

As it can be seen in the bottom figures, estimation is incorrect and the residual is
high only for the duration of the abnormality. This kind of abnormality can not be
detected by just monitoring the level of each signal because the values of the
abnormality itself do not exceed the range of fluctuation of the normal state. This result
is a good example that shows the capability of SBM to detect the change of relation

between signals.
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6.3. Application of SBM to experimental data
6.3.1. Definition of the feature vector

As stated previously, the feature vector in SBM is typically constituted of coincident
data readings from the sensors. However, the feature vector can be anything as long as
it characterizes the state of a target. The higher density of information it has, the better.
It means that the feature vector should not have elements that do not change according
to the state, otherwise the S/N ratio would decrease.

In this section, we apply SBM to the same experimental data used in the
investigation of SST. In order to detect structural abnormalities in rotating machines

from vibration acceleration signals, the feature vector defined in Fig 6-4 is used.

Frequency spectrum of Feature Vector
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Frequency(Hz) Total 60 elements

Fig 6-4 Definition of the feature vector

For each channel, the vector x., ; is constituted of the magnitude of the components
of the frequency spectrum at the rotation frequency and its 2nd to 10th harmonics.
Then the feature vector x is defined as the combination of all the vectors x, ;.

This feature vector contains the principal frequency pattern relative to the state of
the target equipment. This definition is based on the fact that the magnitude of the
rotation frequency component and of its harmonics change when a structural

abnormality is present, as shown in section 4.3.2.
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6.3.2. Evaluation results

Fig 6-5 illustrates how the model of the normal state is created. Each square
corresponds to a single measurement, and 10 measurements are performed for each
condition. As stated in section 5.2, the signals acquired in the normal state exhibit a
large variance between experiments due to the reassembling of the pump. In order to
have a single model that represents the normal state, half of the acquisitions in the

normal state of each experiment are used to build a single model of the normal state.

|:| Blue : Data for building the model
|:| 1 measurement White :Target of evaluation
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Normal ! mis 1
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!
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k loo

|

10 measurements are performed for each state.
1 feature vector from 1 measurement data.

The model of the normal state consists of total 20
vectors .

Fig 6-5 The model of the normal state

The change score, that is the average residual for each condition, is given in Fig 6-6.
The threshold is three standard deviations added to the mean of the residuals in the

normal state.
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threshold

Fig 6-6 Change score evaluated by SBM
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SBM clearly distinguishes all of the abnormal states from the normal states in spite
of the large variance between normal states. As shown in section 5.2, it was not possible
to detect abnormalities with SST because of the large variance of the normal states. On
the other hand, the score obtained from SBM is low even if only one model vector is
similar to the target vector. This feature makes SBM applicable to data that have a

large variance between the normal states.

6.3.3. Characterization of abnormalities

A frequency spectrum tends to be in a specific state depending on the type of
abnormality. Therefore, by evaluating the similarity using models that are specific to
each type of abnormality, it is assumed that the characterization of an abnormality can
be achieved.

The model of each abnormal state is built with half of the data of the corresponding

state (see Fig 6-7). The other data are used as targets of evaluation.

I I 1 measurement | |

Normal
Normal mis 1
mis 1 mis 2
mis 2 mis 3
mis 3 mis 4
mis 5

Model data of Misalignment 1 : Model data of Misalignment 2
Normal Normal
unb1 loose 1
unb2 loose 2
loose 3

Model data of Unbalance
Model data of Looseness

Fig 6-7 Models of abnormal states

The results are shown in Fig 6-8. The vertical axis represents the similarity, that is
the inverse of the residual, and the horizontal axis represents the type of abnormality
used for the model. Results show the use of each specific model on all the types of

abnormalities.
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(c) Target data: Unbalance
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(d) Target data: Looseness
Fig 6-8 Similarity to each model

As it can be seen in Fig 6-8, similarity is the highest when the type of abnormality
present in the target data and used for the reference model are the same.
These results show that SBM has the capability of characterizing the type of

abnormality if a model exists for each type of abnormality.
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7. Discussion of change detection methods

Through the study of three change detection methods, their characteristics were
clarified. Moreover a common structure was extracted.

Change detection can be achieved by comparing current value to a reference value.
The value can be any form of data such as a scalar or a vector, as long as it represents
the state of a target. The reference value can be decided by a standard, or derived from

previous observations.

A change detection method consists of two essential components:
1) Extraction of features

2) Evaluation of the features

As for 1), the extracted feature values must represent the state of a target. It is
desirable that a feature changes according to the state of the target, and is stable when
the state can be regarded as the same. That is, a high S/N ratio is desirable.

As for 2), evaluation methods should be appropriate to the form of the data and how
abnormalities appear in them. Multiple techniques can be used such as statistical

methods or pattern matching methods.

41



Fig 7-1 shows the summary of three methods from the perspective of this structure.

1) Extraction of features 2) Evaluation

*Essential part e e e e - ———

r .
ARIMA-CF | ARIMA model derived from a I Score is calculated by the

certain period of time series is | probability of the occurrence of
the feature value I the current value assuming the
ARIMA model.

1
L

% Essential part

SST Principle components : Score is calculated by the inner :
derived from a certain » ; Product of principle I
period of time series is the | components of two states. "
feature value. [

z=1 —Z(uf-sz
H,Hf = UN U® =
% Essential part
r=-=-=-====" oo = 1
SBM 1 Typically a vector consists of I Input vector is estimated in
| coincident dgta readings from 1 the range of interpolation
I each sensor is the feature value. 1
I I of model vectors.
But any vector can be used as Thi q K

: long as it characterizes the state : IS proce uret works as a
| of equipment. i pattern matching.
"""""" (1) . v .

; y=Mw o wege =yl

it veMM My 2"
Fig 7-1 Summary of each method
e ARIMA-CF

The features are an ARIMA model derived from a given part of a time series. The
score is calculated from the probability of occurrence of the current value, assuming the
ARIMA model that is derived from a preceding period of time.

The characteristics of ARIMA-CF described previously, such as that it can only be
applied to continuous data or that the score increases only near change points, are due
to the method of evaluation, not the way features are extracted.

If the method is modified to use an ARIMA model derived from a fixed period of time
as reference, it can theoretically be applied to data that are acquired intermittently. An
essential part of the ARIMA method is to extract features as an ARIMA model. There is

flexibility in the way of evaluating the change of feature values.
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e SST

The features are the principal components derived from a given part of a time series
by SSA. The scores are calculated through the inner product of principal components of
two states.

The essential part of this method is to extract features as principal components of
time series. Similarly to ARIMA-CF, there is flexibility in the way of evaluating the

change of feature values.

* SBM

Contrary to the previous two methods, the way of extracting features has more
flexibility. Typically a vector constituted of coincident data readings from sensors is
used as the feature vector. But any vector can be used as long as it characterizes the
state of an equipment.

The essential point is the method of evaluation. The current vector is estimated in
the range of interpolation of the model vectors, and this process works as a pattern

matching.

Viewing change detection methods from the perspective of this structure clarifies
their procedure, and shows their advantages and drawbacks. This knowledge is the
foundation to develop a new method. For example SBM has no rule for extraction of
features, so principal components extracted by SSA can be used as feature vectors, then

evaluated by SBM (see Fig 7-2).

1) Extraction of features 2) Evaluation

* Essential part

1 Scoreis calculated by the
I probability of the occurrence of
I the currentvalue assuming the

ARIMA-CF | ARIMA model derived froma
certain period of time series is
the featurevalue.

I ARIMA model.
T o - —— o ——
S¢ = —=In (Pe-1(ry))
* Essential part
SST Principle components ! Scores calculated by the inner 1
derived from a certain | product of principle !
period of time series is the | components of two states. :
featurevalue. | | T TTTTT ST
221 (uf-v,)’°
HyHE = UAU® &
* Essential part
_____________ "
SBM | Typically a vector consists of Input vector is reconstructed

I coincident data readings from

I each sensor is the feature value.

! Butany vector can be used as
long as it characterizes the state

in the range of interpolation
of reference vectors.

This procedure works as a
pattern matching.

_________ )

y=M-w W= “v
-] vV,
VRV VR XY

r=ly-j|

l_cyfequipment. {X(I,i]

(1)

Fig 7-2 Combination of methods
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8. SSA forecasting
8.1. SSA forecasting algorithm

The procedure is based on the method described in "Analysis of Time Series

Structure: SSA and related techniques (2001)" by Nina Golyandina, Vlandimir
Nekrutkin, and Anatoly Zhigljavsky.

Let {x;:t=1,2,..} be atime series. H is a history matrix created from x,.

X1 X2 Xn-m+1
X2 X3 Xn-m+2

H= : : : =(H{H; - Hy i)
Xm  Xma1 e Xn

Let P, ,P,, - P,, be the principal components of H.
H is defined as the projection of H onto the space spanned by P, P,...P, (r <m)

;
A= (B By Hyi) = ) PiPLH (81)
i=1

H = (Fll H, ---Fln_mﬂ) is the result of the Hankelization of the matrix H. H can be

regarded as the history matrix of some time series X;.
H = ®%1 Xome1)' (=12..n—m+1)
Then %;,,_, can be expressed as a linear combination of the previous m-1 values.
Xiymo1 = O ¥ipmez + QXiyms + +ap1% (=12.,n—-m+1) (8-2)

The coefficients are determined by

Am-1 1 r
(7) st
a 1—v

i=1

where 7; is the last component of P;, P} is the vector consisting of the first m-1

components of P;, and v? = n? + - + 12

Forecasting is achieved by equation (8-2).
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8.2. Numerical results of SSA forecasting

Evaluation of the SSA forecasting method is performed with 4 synthesized signals.

The nature of each signal is listed in Table 8-1.

Table 8-1 Signals for evaluation

No.1 Straight line
No.2 Exponential curve + Gaussian noise
No.3 Cyclic curve + Gaussian noise
No.4 Exponential curve + Cyclic curve + Gaussian noise
8.2.1. Signal 1
Original Signal Eigenvalues (parameter : m=20)
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Fig 8-1 Signal No.1, SSA forecasting

The bottom-left figure shows some of the principal components of the original signal

and the red rectangle indicates the ones that are used for the process of projection,

according to equation (8-1). They are chosen from the value of their corresponding

eigenvalue, shown in the top-right figure.
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8.2.2. Signal 2

Original Signal Eigenvalues (parameter : m=20)
3.0 T T T 706 T T T
60}
sol|
o
o
o
1.
%3 20 2 60 8 100 > 10 B o
. Forecast
Principal Components SSA  Biue original
4 Used for prme?lon 3 Green SSA ;—A—\
S — 03 23 40
I C 0.2 0.2 . T T T T T
= F 0.1 01
= F 0.0 0.0
- -0.1 -0.1
| L ekt -0.2 . R -0.2 - N
B 0 102030405060 7080 _0'30 1020 30 405060 70 80 _0‘30 1020 30 4050 60 70 80

T

|

|

1

)

1

|

|

i

1

03 03 4

0.2 0.2 )

0.1 01 '

0.0 0.0 !

-0.1 -0.1 1

_g% e . : -g_g 1 | !

0 102030 405060 7080 0 1020 30 405060 7080 0 1020 30 405060 70 80 )

|

03 —7 0.3 1118 03 |

0z} L4 02 L 02 j

0.1 01 08 i

0.0 00 N !

-0.1 01} 03 )

-0.2 -0.2 205 0.5

03 03 02 0 20 40 60 80 100 120 140

L T L i
0 1020 30 405060 70 80 0 1020 30 405060 70 80

Fig 8-2 Signal No.2, SSA forecasting
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8.2.3. Signal 3
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Fig 8-3 Signal No.3, SSA forecasting

46



8.2.4. Signal 4

Original Signal Eigenvalues (parameter : m=20)
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Fig 8-4 Signal No.4, SSA forecasting

As it can be seen in Fig 8-1 to Fig 8-4, SSA shows good capability at forecasting

several kinds of signals.
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8.3. Comparison with other methods
Six forecasting methods including ARIMA and SSA are applied to the 4 signals used

in the previous section. The principle of each method is listed in Table 8-2.

Table 8-2 Forecasting methods for comparison

Simple moving average ~ Xe+ Xpoq + o+ Xpopia
Xg+1 =
n
Exponential smoothing e = ax, + (1 — )X,
Holt's linear method Le=oax; + (1 —a)(Li—y + Te_q)

T = B(Lt - Lt—l) + (1 =BT,
Repr =L+ T,

Linear regression Fit to a straight line by least squares method
ARIMA see section 3.3
SSA see section 8.1
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8.3.1.

Signal 1
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Fig 8-5 Signal No.1, Comparison of forecasting methods
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8.3.2. Signal 2
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Fig 8-6 Signal No.2, Comparison of forecasting methods
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8.3.3.

Signal 3
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Fig 8-7 Signal No.3, Comparison of forecasting methods
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8.3.4. Signal 4
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Fig 8-8 Signal No.4, Comparison of forecasting methods
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8.4. Summary of SSA forecasting

Numerical results shows that SSA has good capability at forecasting comparing to
other methods. The main reason is that the procedure of SSA forecasting includes a step
of noise reduction.

For the SSA method, a history matrix of the original signal is projected into a space
spanned by the most significant principal components, and forecasting is performed on
the time series corresponding to the projected history matrix. This procedure enables to

find the dominant structure in a signal without begin obstructed by noise.

In the field of predictive maintenance, target signals can be classified into two
categories:
1) Trend data that are plotted per minute, hour, day, week etc...

2) High sampling rate signals (for example, raw vibration signal).

Although forecasting methods can be applied to trend data in order to estimate the
remaining life time of an equipment, the performance of a given forecasting method
might not have a significant impact on the result. Because for any forecasting method to
succeed, the target signal must contain some information that indicates a future
degradation. Usually this information is a simple rising trend and because sudden
failures cannot be forecasted by any methods, a simple extrapolation method is
sufficient in many cases.

In order to improve the method for estimating the remaining life time, it is
considered to be more efficient to use statistical data of the same kind of equipment or
the knowledge based on a physical model, than to improve the accuracy of the

forecasting of the observed trend data.
A common point in forecasting and change detection methods is to extract a

structure from the signals that represents the state of the target. This extraction is key

to achieve early detection of abnormalities and to improve predictive maintenance.
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9. Conclusion

We have investigated 3 major change detection methods whose modeling
approach is respectively SSA (Singular Spectrum Analysis), ARIMA (Autoregressive
Integrated Moving Average) and SBM (Similarity Based Modeling).

Their basic features were examined using various synthesized signals, and these
methods were customized so that they can be applied to detect change in rotating
machines with structural abnormalities.

Developed methods showed a good capability of detecting structural abnormality
of a pump that are not detected by vibration level. The customized SBM method showed
especially good capability, which can be applied to data that has large variance in

normal states. Moreover the method showed capability of specification of abnormality.

In addition to the development of methods for specific targets, a common structure
in change detection methods was derived. The structure consists in a two steps process:
1) Extraction of features, 2) Evaluation of these features. Fig 7-1 shows the summary of
each method from the perspective of this structure.

Viewing change detection methods from the perspective of this structure clarifies
their procedure, and shows their advantages and drawbacks. This knowledge is the

foundation of the guidance to develop practical applications for predictive maintenance.
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Appendix



1. Numerical results of SST and ARIMA-CF
Numerical results of application of SST and ARIMA-CF to 13 synthesized signals
are shown in this section. The nature of signals are shown in the table below. The

methodology and the meaning of parameters are described in section 3.

Type of time series Content of time series Type of change ID
Periodic Sine wave Frequency increases 1
Frequency decreases 2

Amplitude increases 3

Amplitude decreases 4

Composition of two sine waves Frequency increases 5

Frequency decreases 6

Amplitude increases 7

Amplitude decreases 8

Sine wave with noise Frequency increases 9
Square wave Frequency increases 10

Frequency decreases 11
Non-periodic Gaussian noise Average increases 12
Variance increases 13

(1) Frequency increases
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(2) Frequency decreases
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(3) Amplitude increases

~
I

4

=

I |
|
2, 1 0.8
o
= 0.6 5
c 0 3
[
(7] 041
21 ! @
| 0.2
|
4 |- | s\ Vs 0
0 500 1000 1500 2000 2500 3000
Sample ——data ——SST Score

Parameters: m=100, n=300

I/ Y YUV IRVARRVANNNN IV | 2

0 500 1000 1500 2000 2500 3000
Sample ——data ——ARIMA Score

Parameters: n1=n2=300, T1=5, T2=3, (p1,d1,q1)=(1,1,0)

Signal
-
)
ARIMA Score




(4) Amplitude decreases
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(5) Two sine waves, frequency increases
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(6) Two sine waves, frequency decreases
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(8) Two Sine Waves, amplitude decreases
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(10) Square wave, frequency increases
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(12) Gaussian noise with mean increases
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2. Frequency spectrum of experimental data

Frequency spectrums of acceleration signals for each condition of the experiment are
shown in this section. Each of these spectrums is the average of the spectrums obtained
from 10 measurements. Each column of figures corresponds to the position and

direction of the sensor and each row corresponds to the condition.
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3. Numerical results of SBM

Numerical results of application of SBM to synthesized signals are given in this
section. A target system consists of two signals and a feature vector is defined as a set of
coincident values of them. At building of a model, each signal is normalized so that its
average = 0 and standard deviation = 1, and a target vector is also normalized by the
same coefficients as one used for the model.

The main purpose of this basic study is to clarify the characteristics of SBM and
evaluate the effect of the way of sampling for a model. Acquired knowledge 1is

summarized briefly in section 6.2.
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ABSTRACT

In order to evaluate the advantages and disadvantages of change detection techniques using Singular Spectral
Transform (SST) and Autoregressive Integrated Moving Average (ARIMA) applied to equipment diagnosis,
these two techniques are applied to signal data sets, and their performance is evaluated. Synthesized signals,
periodic and non-periodic, are used to evaluate the capability of detection of both methods for several types of
changes.

As a result of these studies, it was shown that the SST method is suitable for detecting change in periodicity, and
that it can even be applied to data acquired intermittently. On the other hand, the ARIMA method was effective
in detecting change points in continuous data.

KEYWORDS ARTICLE INFORMATION
anomaly detection, Autoregressive Integrated Moving Average (ARIMA), Article history:
change-finder, change-point detection, failure detection, principal Received # Month Year
component analysis (PCA), Singular Spectral Transform (SST) Accepted # Month Year

1. Introduction

Condition monitoring is desired in many industries to manage the service life of equipment, and
also to detect precursors to the failure of components found in nuclear power plants, wind turbines,
and aircrafts.

In order to perform condition monitoring effectively, it is required to detect changes in time
series at an early stage in order to predict future failures. A common method to detect changes is to
monitor the average and variance of the time signals and to use control charts. This method often
performs poorly because of the variety and complexity of the changes that appear in the signals.

In order to overcome the disadvantages of this conventional technique, change detection
techniques that make use of the Singular Spectral Transform (SST) and Autoregressive Integrated
Moving Average (ARIMA) are considered. SST has been applied successfully to detect changes in
weather patterns [1-3], and movement of a human body [4]. Comparison between ARIMA and
Singular Spectrum Analysis (SSA) for forecasting purposes has been performed on economy and
social data [5-6], and SSA showed higher performance.

In this paper, in order to clarify and compare the characteristics of the change detection methods
using SST and ARIMA applied to equipment diagnosis, these two techniques are applied to signals
with different kinds of change points.

The paper is organized as follows. Section 2 gives an overview of the SST and ARIMA methods,
and the various signals used to evaluate them are described in section 3. A summary and discussion of
the results is presented in section 4 before the conclusion.

ISSN-1883-9894/10 © 2010 — JSM and the authors. All rights reserved. 1
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2. CHANGE-POINT DETECTION METHODS

2.1 SST

SST is a technique that applies principal component analysis to time series, and detects change in
them through the variation of the principal components.

Let {x;:t=1,2,..} beatime series. x; = {x;, Xj11, ..., Xi1n}* isapart of x, thatis fixed and
represents the normal state. x, = {x]-,xj+1 ...,xj+n}t is another part of x, that is compared to x; to
evaluate whether a change occurred or not. H; and H, are history matrices that are created from x;
and x,:

Xi Xi+1 o Xn-m+i
Xi Xi e Xy i
Hl — l:+1 l:+2 ) n n:1+1+1
Xitm-1 Xitm - Xn+i-1 1)
Xj Xj+1 o Xn—m+j
Xj+1 Xj+2 o Xn—m+j+1
H, = : : . :
Xj+m-1 Xj+m = Xntj-1
where m and n are empirical parameters.
The eigenvalue decomposition is applied to H; and H,:
H,Hf =UAUY,  H,H; =VA,V! @)

where U and V are matrices which columns are the eigenvectors of H; and H,. These
eigenvectors are arranged in descending order of the corresponding eigenvalues:

U={u,u,,..u,}, V ={v,,v,,..vn} 3

The degree of change of x, compared to x; is quantified by the “SST score” z, defined as:

z=1- Z(uf v,)° (4)
i=1

where the parameter r is such that the sum of the r largest eigenvalues is greater than 70% of the
sum of all eigenvalues.

2.2 ARIMA

First, the ARIMA model itself is explained, and then the change point detection method that
makes use of the ARIMA model is described.

2.2.1 ARIMA Model

ARIMA is a model for time series first introduced by Box & Jenkins [7]. It is a generalization of
the ARMA model, itself a combination of AR and MA models.

a) AR model
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The AR model represents the present value by a linear combination of the p past values. The p"
order AR model is given by

xt = alxt_l + e + apxt_p + gt (5)

where & isan error term.

b) MA model
The MA model represents the present value from the q past errors. The q™ order MA model is
given by

Xe =& — 0161 — 0265 — - — 048 (6)

¢) ARMA model
The ARMA model is a combination of the AR model and the MA model. The equation (7) is
called the ARMA model of degree (p, Q).

xt = alxt_l + -+ apxt_p (7)

+ St - 91€t_1 - 92€t_2 _ Hng

d) ARIMA model

Since the ARMA model assumes stationary time series, it can not be applied to non-stationary
time series. In order to achieve stationarity, the differences of the data points of a time series are
calculated as follows.

The first difference Ax; is expressed as

Axe = x¢ — X1 8)
The d™ difference is expressed as
Adxt == Ad_lxt - Ad_lxt_l (9)

The ARMA model applied to the d™ difference time series is called the ARIMA model of degree
(p.d.0):

d, — d d
A% = ayA%xpq + -+ ap A%y, (10)
+ Et - ngt—l - 92€t—2 — = quq

2.2.2 ARIMA-CF

The change point detection technique that makes use of the ARIMA model is called the

ARIMA-CF (Change Finder). The degree of a change is quantified by the “ARIMA Score”.

The ARIMA Score was first described in [8]. The procedure of ARIMA-CF is as follows.

i) At time t the ARIMA (p,d,g) model is created from the n points time
series X = {X¢_p, Xt—n+1 - Xe—1}. P, d, and g are determined with the Akaike Information
Criterion (AIC), and the coefficients of the ARIMA model are determined through the
Least-Square method.

ii) The residual r; = X; —x; (t—n <i <t)is the difference of the forecast by the ARIMA model
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and the actual measurement. The average and variance of the residuals r; of the time series X are
computed. With the assumption that the residuals are normally distributed, the probability density
distribution p,_, of the residuals of the time series X is obtained.

iii) From the residual r, at time t, the probability of occurrence of r;,p;_1(r;) is estimated. This
probability is used to define the score s; as

S¢ = —In (pe—1(11)) (11)

Although the score at time t is evaluated with (11), additional procedures are performed in order
to reduce false detections.
iv) The k™ moving average y, is computed from the scores s;(t—k+1 <i<t):

k .
y, = Zi=1l~it—l+1 (12)

v) The score s’; is calculated by following the procedures i) to iii) on the n last moving averages
y; (t—n <i<t—1). The k™ moving average of s', is the ARIMA Score as:

Z’ic=1 S'tmit1 (13)

ast = kl

3. EVALUATION SETUP
3.1 Evaluation signals

Four types of synthetic signals (see Table 1) are considered to compare the SST and ARIMA-CF
methods in the frame of equipment diagnosis.

Table 1. Signals for evaluation

Type of signal Type of change Content of signal ID

Periodic Frequency Sine wave 1
Sine wave with noise 2

Amplitude Sine wave 3

Non Periodic Average Gaussian noise 4

The periodic signals 1 to 3 are intended to represent change in vibration signals that are
commonly used for the diagnosis of equipment. Periodic signals can be decomposed in two
components, amplitude and frequency, that will each be affected depending on the abnormality.
Nonetheless, depending on the type of abnormality, the change can be more easily detected with the
amplitude or with the frequency. For this reason, evaluation in terms of detection of the change point
is performed with SST and ARIMA-CF for these two components separately.

The signal 4 (see Table 1) is intended to represent general signals that are non periodic such as
trend data of vibration level, pressure, flow or other data obtained from online monitoring and
acquired at a fixed interval. The main change to be detected in this kind of signals is a change in the
mean value and the signal 4 was designed for such an evaluation.

In addition, the signals 2 and 4, that contain gaussian noise, are used to evaluate the applicability
of each method in the presence of noise.
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3.2 Determination of the parameters of the methods

3.2.1 Base Interval

The base interval, that is used for calculating the scores, is different for SST and ARIMA-CF. In
the case of SST, the base interval is the first n points of the time series, and it is shown by a red frame
in figures of numerical results.

In the case of ARIMA-CF, the base interval is constituted of the n' points just before the point to
be evaluated. While the base interval is changing for each evaluation point, the parameters p, g, and d
of the ARIMA model are calculated only once for the first n' points of the time series and used
henceforth.

3.2.2 SST

It is necessary to determine the parameters m and n, the size of the matrices H; and H,,
appropriately. The parameter m represents the dimension of the eigenvectors and should be greater
than the length of one cycle of the considered time series but not too large as sensitivity decreases
with larger values of m. In this evaluation, m=100 and n=300.

3.2.3 ARIMA-CF

Because ARIMA-CF consists of two steps of modeling, two sets of parameters have to be
determined. These parameters are the number of data points for each modeling (n,, n,); the degree of
the models, and the size of the window for the calculation of each moving average (T4, T>) .

In this evaluation, the number of data points at each step is the same as for SST (h;=n,=300). The
size of the window for each moving average is respectively T,=5 and T,=3. The degree of the model
for the first step is determined through the AIC (Akaike Information Criterion) using the first n points
of the time series. The degree of the model for the second step is fixed to (1, 0, 0) for all cases.

4. NUMERICAL RESULT
4.1 Change in frequency
The SST and ARIMA-CF scores for signal 1 are represented in Fig. 1 and 2 respectively. For

signal 1, the frequency of the sine wave is multiplied by 1.6 at sample 1000 and then again by 1.5 at
sample 2000.
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Fig. 1. SST Score and signal 1
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Fig. 2. ARIMA-CF Score and signal 1 (p1,d1,q:)=(1,1,0)

While both methods detect the two change points, there is a significant difference between the
SST and the ARIMA-CF scores. The SST score remains high after the first change point (see Fig. 1)
while the ARIMA-CF score is high only just after the change points (see Fig. 2). The reason is that, at
a given instant, SST performs the evaluation by comparison with the first n samples while
ARIMA-CF performs the evaluation by comparison with the n previous samples. From these results,
it can be seen that the SST can detect an abnormality even after the change point has occurred. The
principle of the ARIMA-CF method means that continuous data are necessary. On the contrary, the
SST method can be used even on data acquired intermittently.

4.2 Influence of noise
The SST and ARIMA-CF scores for signal 2 are represented in Fig. 3 and 4 respectively. For

signal 2, the frequency of the sine wave, with Gaussian noise added, is multiplied by 1.75 both at
samples 1000 and 2000.
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Fig. 3. SST Score and signal 2
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Fig. 4. ARIMA Score and signal 2 (p1,d1,01)=(1,0,1)

The SST score increases after the change points but does not remain high, as in the case of signal
1, and large fluctuations are observed due to the presence of noise.
The change points are not detected with the ARIMA scores that always remains low.
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| 4.3 Change in amplitude

The SST and ARIMA-CF scores for signal 3 are represented in Fig. 5 and 6 respectively. For
signal 3, the amplitude of the sine wave is multiplied by 2 both at samples 1000 and 2000.
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Fig. 5. SST Score and signal 3
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Fig.6 ARIMA Score and signal 3 (p1,d;,01)=(1,1,0)

The value of the SST score increases just after the change points but does not remain high as it
was the case for a change of frequency. Because the SST method includes a step of normalization of
the amplitude, when only the amplitude is varying, it is evaluated as being in the same initial state.
The reason for the slight increase just after the change points is that the change of amplitude modifies
the shape of the sine wave and this change is detected by the method. Nonetheless, this change is
detected only when the change point is in the part of the signal being evaluated.

The ARIMA-CF score has the same behavior than in the case of a change of frequency, and
increases only just after the change point.

4.4 Change in trend

The SST and ARIMA-CF scores for signal 4 are represented in Fig. 7 and 8 respectively. For
signal 4, the mean of the Gaussian noise increases steadily from sample 1000.
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The value of the SST score increases after sample 1000 and remains high. The change in trend is
detected because before sample 1000, the signal is only random noise and so are the principal
components, but after sample 1000, the steady increase of the mean of the Gaussian noise becomes
the principal component. As the SST method only retains the highest principal components (see
equation (4)), it performs a noise removal step, only evaluating the main, non-random properties of
the noise.

Similar to the case of a change of frequency of a sine wave with Gaussian noise added (see Fig.
4), the ARIMA-CF score does not detect the change. Before applying the ARIMA-CF method, a noise
removal step is required.

4.5 Summary of results

The results of the evaluations are summarized in Table 2. The meaning of symbols in the table
are as follows.

© Change detection is possible even when a change point is not included in the range of
evaluation.

O Change detection is possible when the change point is included in the range of evaluation.
/\ Change detection is possible but sensitivity is low.
X Change detection is not possible.

Table 2. Summary of evaluation results

Type of time series Type of change Content of time series SST ARIMA-CF
Periodic Frequency Sine wave © O
Sine wave with noise A X
Amplitude Sine wave O O
Non Periodic Average Gaussian noise O X

® SST is especially effective for detecting changes of frequency of periodic signals. When the
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frequency of a signal changes, SST can detect it even when the change point is not in the
evaluated range of data.
® ARIMA-CF has the characteristic of detecting a change point only just after the change
point and thus can only be applied to continuous data.
® Both methods have their change point detectability reduced by the presence of noise.
Improved detectability is expected by applying a noise reduction processing before applying
the methods. However, as the SST method already includes a noise reduction step, it is more
robust in the presence of noise .

5. CONCLUSION

In the frame of equipment diagnosis, SST is especially suitable for detecting change in frequency.
This method has a large range of application as it can be applied even in the case of data that were
acquired intermittently.

Structural damage to rotating machines (misalignement, unbalance, ...) are difficult to detect
through the change of amplitude of the vibration signal. It is expected that using the SST method will
improve the detectability of such abnormalities at an early stage by making use of the feature of this
method that is to easily detect change in frequency.

The next step is to apply the SST method to experimental vibration data acquired from rotating
machines, especially with structural defects, to verify the applicability of the SST method to detect
abnormalities at an early stage.
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Abstract

This work investigates the application of the Singular Spectral Transform (SST) to change detection in rotating
machines. The performance of a technique is quantitatively evaluated in the scenario of misalignment in a
turbopump assembly.

When comparing the RMS of vibration signals in the case of misalignment to the case of a properly lined
pump, no significant difference is detected. On the other hand, a statistically significant change is present when
using the SST Score for change detection. Structural abnormality in rotating machines is difficult to detect
using the magnitude of vibration, but since the SST detects changes in the shape of the signal, it is an much
more sensitive to changes related to abnormality.

Key words : Change Detection, Structural System Abnormalities, Singular Spectral Transform (SST), Signal
Processing, Condition Monitoring, Rotating Machine

1. Introduction

Abnormalities in rotating machines can be classified into two categories. Mechanical damage, such as failure of
bearings or gears, and structural abnormality such as unbalance or misalignment. Measuring changes in the level of
vibration is a conventional method for detecting mechanical damage. Unfortunately, structural abnormality is difficult
to detect with conventional methods (Komura, H. et al., 2002). Thus, improved analysis methods are needed that are
sensitive to changes associated with structural abnormality.

In this study, the SST method is applied to vibration signals and its performance is evaluated in terms of
sensitivity to changes associated with structural abnormality. SST is a technique that applies principal component
analysis to time series, and computes the degree of change between the principal components of two time series. SST
has been applied successfully to detect changes in weather patterns (Okayasu, et al., 2012, Itoh and Kurths, 2011, Itoh
and Marwan, 2013), and movement of a human body (Nishida, 2014)

This paper is organized as follows. The second section explains the principles of the SST method. In the third
section, the experimental setup and parameters of the method are described. Before the conclusion, results are
presented and discussed in the fourth section.

2. Methodology
2.1 Experimental setup

For each experiment, offset misalignment is introduced on the shaft between the motor part and the pump part of a

Paper NO.XX-XXXX
[DOI: 10.1299/xxx.2014xxx000x] © 2014 The Japan Society of Mechanical Engineers
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horizontal turbo-pump. The technical specifications of the pump are given in Tablel.
To introduce the abnormality, a shim is inserted between the motor and its foundation. Offset is quantified by the
thickness of the shim. The amount of offset for each experiment is given in Table2.

Table 1 Pump technical specifications

Pump Type Horizontal volute pump
Power 1.5 kw
Rotation Speed =3000 rpm
Coupling Type Flanged rigid coupling
Table 2 Amount of offset for each experiment
State Amount of offset
Normal 0.0 mm
Misalignment 1 0.5 mm
Misalignment 2 1.0 mm
Misalignment 3 1.5 mm
Misalignment 4 2.5 mm
Misalignment 5 3.0 mm

Measurements are performed simultaneously with 6 channels (two 3-axis vibration acceleration sensors), that are
located on the motor and pump bearings respectively (see Figure 1). Data are acquired at the sampling rate of 20 kHz
and each acquisition has a duration of 10 seconds. For each experiment, data are acquired intermittently 10 times.

Accelerometer

Fig 1 Location of the accelerometers

2.2 SST
2.2.1 Principles

SST is a technique that applies principal component analysis to time series, and detects changes in them through
the variation of the principal components (Moskvina and Zhigljavsky, 2003).

Let {x,:t=1,2,..} be atime series. x; = {x;, x;11, ..., X; 4} iS a part of x, that is fixed and represents the
normal state. x, = {x,-,x]-H ...,x]-+n}t is another part of x, that is compared to x; to evaluate whether a change
occurred or not. H; and H, are history matrices that are created from x; and x,:

Xi Xit1 o Xn—mei
Xi+1  Xivz e Xn-m+it1
H, = : : . :
Xitm-1  Xitm - Xn+i-1
@
xj xj+1 xn_m+]'
Xj+1 Xj+2 o Xn-—m+j+1
H, = : : . :
Xj+m-1  Xj+m - Xn+j-1

[DOI: 10.1299/xxx.2014xxx000x] © 2014 The Japan Society of Mechanical Engineers
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where m and n are empirical parameters.
The eigenvalue decomposition is applied to H; and H,:

Hle = UA1Ut ’

HzHg = VA2Vt

O]

where U and V are matrices which columns are the eigenvectors of H, and H,. These eigenvectors are

arranged in descending order of the corresponding eigenvalues:

U= {ul, uz, .

U},

V= {‘Dl, 172, .

U} 3

The degree of change of x, compared to x; is quantified by the “SST score” z, defined as:

r
z=1 —Z(uf-vl)z
i=1

(4)

r is an empirical parameter that determines the number of largest principal components that are used for

comparison.

2.2.2 SST parameters

In order to perform the calculations involved in the SST, it is necessary to set the parameters m and n in equation

(1) as well as the parameter r in equation (4). m is the dimension of the principal components vectors and n is the
number of data points used for computing the principal components. Because SST is a method that detects changes of
state in the time series from the change of the principal components, it is necessary to choose a sufficiently large
dimension for the principal components so that the characteristics of the time series are captured appropriately. If the
dimension of the principal components vector m is relatively small, the high frequency components will dominate. If m
is relatively large, the low frequency components will appear. Therefore the frequency domain should be determined
from the characteristics of the acquired signals in order to choose an appropriate value of m.

For this determination, a simple spectral analysis is first performed. Examples of the spectrum of vibration
signals acquired for some of the experiments are shown in Fig 2. Each of these spectrums is the average of the
spectrums obtained from 10 measurements.
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Fig 2 Average spectrum of the acceleration in the horizontal direction of the motor bearing.
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Fig 2 shows that the main spectral components are under 1kHz in all cases. Moreover, the lowest main spectral
component is 50Hz, which is the rotation frequency of the axis. As the same remarks can be done for the cases not
shown in Fig 2 (other directions and location), the frequency domain can be set to 50~1000Hz.

Since the frequency domain is limited to up to 1kHz and the sampling rate is 20kHz, the data can be downsampled
to avoid that the size of the matrix during the computation of the SST becomes unnecessary large. The number of
samples is divided by 10 so that the Nyquist frequency becomes equal to 1kHz. The value of m should be chosen so
that the information down to 50Hz is included. The lower value of 33.3Hz is chosen to ensure that no information is
lost. The sampling rate after downsampling is 2kHz and the frequency of 33.3Hz corresponds to a duration of 0.03
seconds, which implies that the value of m is 60 samples (2000x0.03=60).

n is the data length to be used once for the calculation of the principal components and n-m+1 corresponds to the
number of samples used by the principal component analysis. A balance must be found as more general principal
components are obtained with a larger number of samples, but the computational cost of the matrices is increased. In
order to verify the influence of the value of n on the results, several values of n are used: 2, 3, and 4 times the value of
m.

r in equation (4) determines the number of principal components that are used when computing the degree of
change compared to the reference state. The magnitude of the eigenvalues obtained by equation (2) represents the
amount of information of the corresponding principal components. It is thus suitable to set a threshold on the
magnitude of the eignevalues to determine the number of principal components to be used for the score calculation.

The ratio p; of the sum of a number of the largest eigenvalues over the sum of all the eigenvalues is defined as

b= Yk=1 Ak
' Z?:l}\k

(i=123...m) (5)

with A, the eigenvalue corresponding to the k-th principal component obtained from equation (2). r is determined
as the smallest value of i such as p; is larger than the threshold p=0.2, 0.4, or 0.6.

2.2.3 SST Score computation

As described in 2.2.1, SST is a method for calculating the degree of change of the principal components between
the base interval and the target interval. Considering that even in stable conditions, acquired signals show significant
variation, it is not sufficient to use a single interval in the normal state as the base interval. Therefore, the SST Score of
a target interval is computed from the average of the scores calculated for several base intervals in normal state.
Moreover, the same computation is performed for all six channels, that are measured simultaneously, and the average of
these scores is the final SST Score of a given target interval. The base intervals are extracted from all acquisitions in
normal state at a certain interval(10 x n). A diagram of the calculation process is shown in Fig 3. The notations used in
this figure are defined as follows.

T;: i-th target interval (i=1,2,3...N+)

Bj: j-th base interval (j=1,2,3....Ng)

Si;: SST score computed from T; and B; for channel ¢ (c=1,2,...,6)

Z¢: SST score for channel ¢ for the i-th target interval

Z;: average SST score for i-th target interval (average of scores Z; to Zf)
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Fig 3 Computation of the SST score

In order to compare with the SST Score, two commonly used features in vibration diagnosis are computed: the
RMS and the kurtosis. Generally, when structural abnormality is present, the RMS is said to increase while the kurtosis
decreases (Jinyama 2009). For the reference data x; (i=1,2,...N), the RMS and kurtosis are defined by

Kurtosis =

(6)

- Dt

N 3 ()

with % the mean of x; and o its standard deviation.
These features are computed in a similar manner than the SST Score. Computation is done for the target interval
T, for each channel before averaging on all channels (Z;). Unlike in the case of SST, the data used for computing these

features are not downsampled.

3. Experimental results

3.1 Comparison of SST to other features

The results of the calculation of the SST Score, the RMS of the acceleration and velocity and the kurtosis are
shown in Fig 4. The RMS of the velocity is computed after integrating the acquired vibration acceleration. The data

points in the graphs represent the average value of each feature, for each experiment and for all N evaluations, and the
error bars represent the standard deviation (= o).
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Fig 4 Comparison of the SST Score to the other features (SST parameters: m=60, n=180, p=0.4)

Although the most commonly used features in vibration diagnosis are the RMS of the acceleration and velocity,
that correspond to the magnitude of the vibrations, the expected tendency of an increase of the RMS along with the
amount of misalignment was not observed in this study (see Fig 4). It was not possible to detect the abnormality with
RMS. The stress exerted on the shaft and bearing should have increased along with the amount of misalignment, but as
the structure doesn’t have gaps, and the coupling is of rigid type, there is not much influence on the vibration level.

Due to the variations observed in the normal state, detection of a clear change of kurtosis when an abnormality is
present is difficult.

On the contrary, the SST Score is always higher when misalignment is present than in the normal state. The
change due to an abnormality is large when the standard deviation in normal operation is considered.

3.2 Evaluation of the influence of the SST parameters

The value of m, which is the dimension of the principal components of the SST method, can be set according to
the frequency range. However, there is no standard criterion for setting n, the length of the data used to compute the
principal components, as well as r, the amount of principal components used to compute the SST Score. Therefore, in
order to evaluate the effect of these parameters, several values are evaluated. The results for several values of n and r
are shown in Fig 5. The value of r is determined according to the value of p as described in section 2.2.2, and the
larger the value of p is, the more principal components of lower rank are included in the calculation of the score.

As can be seen from Fig 5, the score is higher when misalignment is present than when conditions are normal,
regardless of the value of the parameters or the amount of offset. When considering the standard deviation in normal
operation, it is clear that detection of abnormalities is possible. Moreover, the results are not affected significantly by
the value of n that can be set as twice the value of m.

On the contrary the value of p has a significant influence on the result, and the score is lower for larger values of p
as equation (4) shows. However, the most important aspect is not the height of the score, but whether the score changes
significantly in the abnormal state compared to its value and variation in normal state. In this case, it is possible to
detect an abnormality for all three values of p.

While the score tends to saturate for an amount of offset larger than 1.0 mm, it can be seen that the score has a
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tendency to increase with the offset in the range 0~1.0 mm. This score is an effective sensitive indicator for the very
small levels of misalignment.
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Fig 5 Comparison of the results depending on the parameters of the SST Score (m=60)
4. Conclusion

Structural abnormality in rotating machines is generally difficult to detect using the magnitude of vibration alone.
In order to solve this problem, the SST method was used on experimental data from a misaligned pump, and it’s
effectiveness was demonstrated.

The conventional indicators in vibration diagnosis (vibration acceleration RMS, vibration velocity RMS and
kurtosis) were not effective for detecting abnormalities. It was demonstrated that these same abnormalities can be
detected with the SST Score method. As for the parameters used in the calculation of the SST Score, by appropriately
determining the value of m depending on the frequency range, the influence on the results of the other parameters is
small. The detection capability was not adversely affected even when changing the value of these parameters.

The SST Score that was derived from the SST method and the calculation of a score, can be considered as a
sensitive indicator for the detection of structural abnormality. In addition to microscopic misalignment, we hope to
expand the application of this method to more data sets from other experimental systems that include different damage
mechanisms.
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